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Introduction
Glioblastoma (GBM) is the most lethal and frequent primary malignant brain tumour. Patients diagnosed with the disease and treated with state-of-the-art therapies (maximal safe surgery, radiotherapy and chemotherapy) have a median survival of only around 14 months [1] . In the last 20 years, improvements in GBM treatments have been only minor.
Magnetic resonance images (MRIs) are routinely used in GBM patients for diagnosis, treatment planning and follow-up. Moreover, technological improvements currently allow images of millimetre resolution to be obtained, allowing for three-dimensional tumour reconstruction with excellent definition of macroscopic lesions [2] .
GBM is one of the most proangiogenic tumour types, which leads to a complex unstable vessel network. Some MRI modalities, specifically the postcontrast T1-weighted (T1w) images, rely on this to render an image of the area where an injected contrast agent is released due to the leakiness of the vessels. Thus, tumour areas appear as hyperintense areas over the normal tissue background. Those images provide an estimate of the areas where there is a macroscopically large number of tumour cells, which is also the target for surgery. Some examples of the macroscopic part of a GBM as seen in post-contrast T1w images are shown in figure 1 . The inner part of the tumour is typically occupied by necrotic (dead) tissue that has been damaged by the action of the tumour itself.
Thus, the patterns observed in figure 1 are characteristic of GBMs and display irregular contrast-enhancing (CE) rim-like structures surrounding a necrotic core. Typically, T1w images are analysed together with other MRI sequences that provide complementary information. For example, T2/FLAIR sequences provide an estimate of the areas of oedema and infiltrative tumour while diffusion images may provide estimates of cellularity. However, T1w images provide the least ambiguous information and are routinely obtained in higher resolution allowing for the best tumour delineation and reconstruction.
Recent studies have proposed to correlate the tumour's biological aggressiveness with quantitative parameters obtained from different magnetic resonance sequences [3, 4] and more specifically in glioblastoma [5] . To cite some examples, Swanson et al. [6] used both the tumour volumes in T1w and T2/FLAIR MRI sequences at two time points to estimate the growth speed of GBMs. Several authors have studied the prognostic value of the volume of CE areas [7, 8] , ratios between CE tumour volume and total volume [9] or tumour diameter [9, 10] . However, many of these studies were based on low spatial resolution images. Finally, Wangaryattawanich et al.
[11] identified the CE volume and the maximal diameter as prognostic parameters using volumetric images, which has not been confirmed in other studies [12] .
Simple shape parameters of the T1w areas characterizing tumour shape irregularity have been found to have a clear prognostic value [13] . Also, a mathematical study using a modified Fisher-Kolmogorov equation [14] predicted the potential value of the width of CE areas as a biomarker of biological aggressiveness. An indirect confirmation of the prediction was reported in [12] . Several studies have used machine-learning approaches to construct prognosis models from sets of descriptors of tumour shape, texture, etc., obtained from different MRI sequences [15] [16] [17] [18] [19] [20] . Finally, other authors have explored different types of spatial imaging biomarkers based on the quantification of tumour subregions [21] [22] [23] .
However, the complexity of the CE areas in T1w MRIs has not been studied in detail and correlated with a tumour biological aggressiveness.
In this study, we aimed to construct geometric measurements allowing the complexity of CE regions in volumetric (i.e. high-resolution) post-contrast T1w MRIs to be quantified computationally and the values of those measurements correlated with surrogates of biological aggressiveness, i.e. patient survival. We did this in a very large patient sample of 311 patients, indeed, larger than any dataset used in previously published clinical studies.
Material and methods

Tumour segmentation and three-dimensional reconstruction
Active tumour areas are contained between two surfaces. The outer, S E is the interface between the 'normal' tissue and CE areas. The inner, S I , is the interface between the tumour tissue and the necrotic areas. In practice, these surfaces are not known explicitly as images are discretized into voxels and the algorithms have to work on the coordinates obtained from the tumour segmentation from the MRIs. In our case, The Digital Imaging and Communications in Medicine files were imported into the scientific software package Matlab and were preprocessed by using an in-house semi-automatic segmentation procedure. Tumours were automatically delineated by using a grey-level threshold chosen to identify the largest CE tumoural volume, described [13] . Then, the image expert manually corrected each rsif.royalsocietypublishing.org J. R. Soc. Interface 15: 20180503 segmentation section by section. The segmentations were supervised by experienced radiologists and the methodology found to be reproducible. Let P I,E be the discrete set of points x, y, z [ S I,E defining the discrete approximations to the surfaces S I,E . The segmentation of the tumours as shown in figure 2 provides the coordinates of points in P I,E and allows for the reconstruction of the surfaces.
Quantification of the contrast-enhancing 'rim' morphology
Quantifying the space contained between surfaces is a topic of interest in many scientific fields [24 -28] . Typically, the goal is to measure the deviation of one surface with respect to the other to estimate morphological changes. Our problem is different since we are interested in quantifying the rim complex structure. In what follows, we will denote by R , R 3 the space contained between the surfaces S E and S I .
To describe R, we first constructed the set of distances between the N E points of P E and those N I points in P I . To do so, we first computed the distances from every point in P E to those in P I . For every point in P k E [ P E , we looked for the point P q I providing the minimal distance of all points in P I and defined
(2:1) Figure 3 shows, through a colour map plotted on the surface S E , the set of distances D E associated with each point.
Next, the process was repeated for all the points in P I . For each of the N I points in
, we obtained the minimal distance vector to P E (d q I ). In addition, we required that this vector did not cross the surface S I . Since we did not have an explicit parametrized form for S I , this condition was implemented by requiring that the vector d q I be sufficiently far from all points in P I . To make this more precise, the angles u q,j spanned by the vector d q I and the one generated by the point P q I and the other points P j I were constrained to be larger than a small number e (taken here to be 0.035). In other words, we define
where (,) stands for the scalar product of two vectors in R 3 . Figure 4 shows a schematic case (in two-dimension) in which the crossing condition is not satisfied.
Finally, we define the final set of distances D characterizing R:
Thus, the final outcome of the procedure is a set of distances characterizing the 'rim width'. Figure 5 shows rsif.royalsocietypublishing.org J. R. Soc. Interface 15: 20180503
surfaces S E,I and one of the minimal distances between them included in the set D.
Our technique has some similarities to the one described in [24] , but with substantial modifications to make it more suited to our problem. The improvements imply that: all points on both surfaces are analysed, segments from S I to S E do not cross S I , segments that are obtained twice are counted only once and new measurements are constructed characterizing R.
RSC distance distribution
From the set D, we constructed histograms for the distribution of distances for different class widths t. Those histograms D t will be used to compute some of the measurements of the study to be defined later.
The choice of the distribution class width was made taking into account the minimal discrete spatial scales characterizing the image resolution: i.e. the MRI pixel resolution, the slice thickness and the spacing between slices (named according to the DICOM standard).
We chose t ¼ 0.5 mm and t ¼ 0.75 mm, as class widths for our study, because: (i) 0.5 is the best MRI pixel spacing resolution and (ii) 0.75 is the intermediate value between the best and the worst resolution (0.5 mm and 1 mm, respectively). We explored also 1 mm as class widths but there were very few classes grouping together many different data. The choice of two values for t allowed us to perform a sensitivity analysis to check whether the parameters derived from the distributions D 0.5 and D 0.75 were robust under changes in the class width.
Centralization measures of RSC distances
Mean distance (d mean ). Defined as the mean of the set of distances in
It corresponds to the largest rim width. Modal distance (d mode,t ). The mode of the distribution D t . This measurement is dependent on the class width t. Spherical rim width (d s ). Let us first define the total tumour volume (V T ), and the necrotic (or inner) volume (V I ) as the volumes enclosed by the surfaces S E and S I , respectively. The CE volume is then defined as V CE ¼ V T 2 V I . These volumes can be easily obtained from the tumour segmentations and the voxel dimensions. Then, the spherical rim width is a rough approximation to the averaged rim width computed by the equation
This quantity measures the average width of the contrastenhancing areas by assuming sphericity of the necrotic volume and also that CE areas are placed peripherally with an annular shape. This measurement can be computed directly from the tumour volumes, thus its computation does not require the construction of the set D.
Geometric irregularity (dispersion) measurements
Full width at half maximum (FWHM). This is a measurement frequently used in different scientific fields to characterize the 'width' of a distribution [29] [30] [31] . It is given by the distance between points on the distribution at which the function reaches half its maximum value. To compute it for the distribution D t , we take the frequency polynomial f and the distances d l and d r closest to d mode , on the left-and right-hand sides, respectively,
FWHM N and FWHM M are two measurements of FWHM normalized to the maximal distance d max and to the full range of distances within the tumour d max 2 d min , respectively, i.e.
and
Standard modal deviation (D mode ). This measurement quantifies the deviation of all the distances with respect to d mode . It is given by the equation
Mode variation coefficient (CV mode ). This relates the value of d mode and its dispersion D mode . Larger values of this quantity correspond to a larger dispersion in the distribution. This is a dimensionless variable and it is typically expressed as a percentage as given by the equation
Standard mean deviation (D mean ). This quantifies the amount of variation of all distances with respect to d mean :
This quantity is computed directly on D and thus does not depend on the class size t. Mean variation coefficient (CV mean ). This quantity relates the value of d mean and its dispersion D mean as given by the equation
Geometrical heterogeneity (G h y G H ). These two measurements quantify the ratio of the dispersion of the largest measurements over the whole set of those in D. Their mathematical expressions are 
Width between mode and mean (WMM). Is the distance between d mode and d mean ,
From this measurement, related normalized quantities can be defined as
Decay measures
We were also interested in the decay rate of the distributions for large distances as estimates of the dispersion of distances in the tumours. We defined several measurements of decay computed from the mode d mode . The interest of those measurements lies in the fact that high frequencies in classes above d mode may identify tumours with anisotropic growth and/or the presence of regions with different biological aggressiveness and infiltration.
Exponential decay (b E ). We fitted the parameters K and b E to the model
using the values of frequencies larger than the modal class for D 0.5 and D 0.75 . The strength of decay is given by the exponent b E . Rational decay (b R ). This is given by the model
where the parameters K and b R in equation (2.13) are fitting parameters. The decay rate is given by the exponent b R . Half width at half maximum (HWHM). This is defined as the distance between d r and d mode
Normalized versions of this quantity by d max and d min are given by the following equations
: (2:14c) Figure 6 shows examples of the distribution D 0.5 for a particular patient and the location of some of the measurements described above.
Patients
This study was based on data from the observational studies GLIOMAT and TOG. Both studies were first approved by the Institutional Review Board (IRB) of the Hospital General Universitario [32] , availability of a pre-treatment volumetric contrast-enhanced (CE) T1w MRI sequence (slice thickness 2.00 mm, pixel spacing 1.20 mm, no gap), no substantial imaging artefacts, presence of contrast-enhancing areas and unifocal lesions. These sequences were gradient echo using three-dimensional spoiled gradient recalled echo or three-dimensional fast field echo. Availability of the relevant clinical variables was also required: age, treatment scheme and survival information. Table 1 summarizes patient data.
Statistical methods
Kaplan-Meier analysis was used to identify individual variables associated with prognosis, using the log-rank test to assess the significance of the results. Kaplan-Meier curves measure the fraction of patients living for a certain amount of time [33, 34] . A two-tailed significance level of p-value lower than 0.05 was applied. For each variable, we searched for every threshold value splitting the sample into two different subgroups. Then, we chose as best the non-isolated significant value giving the lowest log-rank p. Univariate Cox proportional hazards regression analysis [35] was used to obtain the hazard ratio (HR) and its adjusted 95% confidence interval (CI) for each threshold.
The Spearman correlation coefficient was used to assess the dependencies between each pair of variables, in order to identify measurements with similar information [36, 37] . Normality of the variables was assessed by the Kolmogorov-Smirnov test. Significant correlation coefficients over 0.75 or below 20.75 were regarded as strong correlations between variables.
To quantify the measurement's sensitivity to changes in the distribution class width, we used Wilcoxon and Lin tests. The Wilcoxon signed-rank test is a non-parametric statistical hypothesis test used to compare two related samples, or repeated measurements on a single sample to assess whether their population mean ranks differ. The concordance Lin test quantifies data similarity [38, 39] Both HWHM N and HWHM M were statistically significant for one of the class widths but became only marginally significant when changing to the other class used for the sensitivity analysis (table 2) .
Finally, we obtained significant results for several nonhistogram-based measurements. Other measurements did not reach statistical significance (table 2) .
Next, we performed a sensitivity analysis to detect those variables more dependent on the class width choice. Firstly, we compared the median of the values obtained for each measurement. We obtained p ¼ 0.049 for b E when changing the class width from t ¼ 0.5 cm to 0.75 cm. For the other variables, we found p , 0.001. Thus, all class-dependent variables were sensitive to the choice of the class width. Next, we computed the concordance for all class-dependent variables. Only the variable D mode showed substantial concordance, r L ¼ 0.9736.
We computed the Spearman correlations between all of the study variables to identify potential dependences between them. The analysis was also performed for different class widths for class width-dependent variables. It is remarkable that b R was independent of all the other study variables. The spherical rim width d s was correlated only with d mean with a correlation coefficient r L ¼ 0.84. Figure 9 summarizes the results of the correlation analysis.
Discussion
The goal of this study was to develop a computational procedure to fully characterize CE 'rim-like' tumour areas in glioblastoma. rsif.royalsocietypublishing.org J. R. Soc. Interface 15: 20180503
We wanted to construct a set of non-trivial measurements characterizing the rim width and correlate them with patient outcome, i.e. to find their potential utility as surrogate markers of a tumour biological aggressiveness. Several studies have identified simple geometric variables (either volumetric or longitudinal) obtained from pre-treatment MRIs having prognostic value. Among them we would like to highlight: the ratio between volumes obtained in T1 and T2/FLAIR MRI sequences [6] , the CE volume [7, 8] , the ratio between total volume and CE volume [9] or the tumour diameter [9, 10] . However, these studies had some limitations: some of them have reported contradictory results [12] , and most were based on limitedresolution images, used databases with limited numbers of patients or segmented tumours with methodologies of limited accuracy.
CE rim region correlates with the most active/proliferative areas and where the blood vessels are not-functional. Angiogenesis takes place specially here and the contrast injected (gadolinium) spreads out of the vessels. A previous theoretical study suggested that CE shape contained tumour biology information and its rim morphology mainly depended on the tumour cell's infiltration speed, proliferation rate and the tumour cell loss factor rate [14] . The numerical simulations based on that mathematical model showed that tumours with largest rim width grew faster. Following this idea, those tumours showing large CE rim width could be those with fast proliferation rate and low internal death rate. Then, the morphological heterogeneity of CE regions may reflect the biological heterogeneity within the tumour. However, no previous study has tried to characterize the complex spatio-temporal geometry of CE areas of the tumour using three-dimensional measurements.
This kind of study requires high-resolution images as recommended for clinical trials [2] , to obtain reliable values of the measurements. Other authors have performed volumetric studies on high-resolution images [11, 12] , but none of them have studied the RSC in full.
From the methodological point of view, the first contribution of our study was the definition of the set of distances D as a way of characterizing the RSC and the construction of new measures based on it. Our method had some similarities with the method of Kim et al. [24] . However, we analysed all points in both surfaces, excluded distances corresponding to vectors intersecting the inner surface S I and removed one instance of vectors counted twice.
Some of the measures included in this study are used in other areas to characterize histograms [24] [25] [26] [27] [28] . For these measures, the class width is a key parameter substantially influencing the results. This is why we performed a sensitivity analysis.
Special care was given to obtaining and processing patient data to ensure results of high quality. Firstly, all patients included in the study had volumetric spatial resolutions allowing faithful reconstruction of tumour geometries in three-dimension. All the tumours were segmented following a time-consuming semi-automatic procedure. Software allowing tumours to be corrected on a tablet computer, using a digital pencil, was developed to ensure the maximum accuracy of the tumour outline delineation. The number of patients was the largest used for this type of study by a considerable margin. The combination of all these factors provided both a set of state-of-the-art measurements and data to perform the statistical studies. Of all the RSC heterogeneity measurements, the variable FWHM M had a substantial prognostic value that was preserved when changing the histogram class width.
The variable b R is a measure of how the frequencies of the widths decay as their values become larger. Small values of this variable correspond to CE areas with values located close to the median. Large values of this variable correspond to rim-like structures with a broad distribution of widths, specifically, a substantial contribution of large widths. Thus, it is a measure of rim heterogeneity. This decay rate was the outstanding measurement of the group of variables analysing frequency decay for large rim widths. It was found to be uncorrelated to all of the other study variables and was robust when changing the class width from 0.5 to 0.75 mm: 1.460 vs 1.389 for HR and p ¼ 0.024 vs 0.025. This is one of the most significant results of the study, since this non-trivial measurement requires the construction of both the set D and the histograms D t and thus provides an example of the applicability of the methodology described in the paper.
Other non-histogram-based measurements were found to be significant in our study, all of them in agreement with what would be intuitively expected. First, d max is the maximal infiltration distance found in the tumour. This measurement may provide a hint of the presence of very aggressive tumour areas. Its significance supports the hypothesis that the local width may correlate with the local tumour growth speed [14] . Also d mean , found to be independent of the previous measurement, was a predictor of survival. In the same way, this measurement provides an estimate of mean tumour growth speed. We found it to be correlated with survival, and thus tumour aggressiveness. Finally, d s is a variable that is based only on tumour volumetric measurements, thus, it does not require the construction of the set D. It was surprising that this 'simple' quantity, based on the assumption that both the whole tumour and its necrotic part are spherical, was found to be statistically significant in that study. In our study, we confirm the strong predictive value of that measurement. Interestingly, this measurement was correlated with the more meaningful one d mean , which could provide a justification of its prognostic value.
Although our study focused on glioblastoma, our methodology should be applicable to other cancer types. Brain metastases have a similar structure on T1w MRIs, with a necrotic core surrounded by an active area when Regarding the limitations of this study, the IDH1 and other molecular markers were not available as these patients were classified according to WHO 2007. On the other hand, to collect the largest patients sample it was necessary to collect images from several hospitals (multicenter study), which may introduce minor heterogeneity in z axes.
It would be interesting in future studies to collect postsurgery images and clinical information to quantify the residual tumour volume after surgery, in addition to measures shown in this study, and to analyse its effect on survival patients, and combine the genomic information with these novel biomarkers to development individual prognosis model.
Conclusion
In this paper, we have described a computational methodology to characterize the macroscopic tumour areas in GBM as observed in T1w MRIs, typically known as 'rim'-like. Tumour necrotic and CE areas were used to construct a set of distances D. A set of 18 measurements characterizing the three-dimensional rim width was defined and computed for the 311 patients included in the study.
Several variables were found to correlate with tumour biological aggressiveness, including: the maximum macroscopic infiltration distance within the tumour (d max ), the rational decay exponent b R , the FWHM M , the mean value of all distances in the rim d mean and an averaged rim width obtained under the hypothesis that both necrosis and the tumour are spherical (d s ). The last significant parameter was a measure of the presence of many large distances within the rim, giving some information on its heterogeneity.
The variables identified are novel imaging biomarkers of direct applicability to predicting patient survival in GBM.
Moreover, the methodology can be extended to other tumour types displaying necrotic inner parts surrounded by active tumour areas.
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